In this study, land-cover change in the capital Conakry of Guinea was simulated using the integrated Cellular Automata and Markov model (CA-Markov) in the Geographic Information System (GIS) and Remote Sensing (RS). Historical land-cover change information was derived from 1986, 2000 and 2016 Landsat data. Using the land-cover change maps of 1986 and 2000, the land-cover change map for 2016 was simulated based on the Markov model in IDRISSI software (Clark University, Worcester, MA, USA). The simulated result was compared with the 2016 land-cover map for validation using the Relative Operating Characteristic (ROC). The ROC result showed a very strong agreement between the two maps. From this result, the land-cover change map for 2025 was simulated using CA-Markov model. The result has indicated that the proportion of the urban area was 49% in 2016, and it is expected to increase to 52% by 2025, while vegetation will decrease from 35% in 2016 to 32% in 2025. This study suggests that the rapid land-cover change has been led by both rapid population growth and extreme poverty in rural areas, which will result in migration into Conakry. The results of this study will provide bases for assessing the sustainability and the management of the urban area and for taking actions to mitigate the degradation of the urban environment.
Introduction
With the increasing world population, coupled with technological advancement, humankind has emerged as the major, most powerful and universal instrument of environmental change in the biosphere today [1] . The urbanization process, regarded as modernization, has become a severe problem, particularly in developing countries [2, 3] . It's the most human led land-use anthropogenic activity with huge and irreversible impacts on landscape [4, 5] . Urban land-cover change threatens biodiversity and affects ecosystem productivity through loss of habitat, and carbon storage [6, 7] . It has resulted in global climate change, and forest and soil degradation to the extent that the sustainability of our planet's ecosystems is threatened [8] . Urbanization is generally influenced by national laws, plans, policies and poor governance in many developing countries [9, 10] . Population growth increases the demand for natural resources, including land for construction, thus, human disturbances such as pollution, fire, grazing, cutting, and cultivation can also lead to spatial shift in land-use systems [11] . Because of various anthropogenic and natural factors, developing countries experience relatively more rapid urban growth and land-cover changes compared to developed countries [12] . Hence, urban planners and policy makers in developing countries face unprecedented challenges with regards to governing and planning due to the prevailing high dynamic change [13] . Knowledge in Conakry in 2014 [26] . Its total area is approximately 420 km 2 . However, due to its small land area and relatively high population dynamic, Conakry has created an infrastructure burden and shows great imbalance in the urban network. The city is administratively divided into five communes, three downtown communes: (1) Kaloum, (2) Dixinn, and (3) Matam and two suburban communes (4) Ratoma, and (5) Matoto (Figure 1 ). Conakry's rapid urbanization and urban expansion can also be attributed to the accumulation of it is administrative, economic, and cultural functions [22] . As a capital and the only sizeable international harbor (an outlet for bauxite exports), the city remains the location of rare industries, and has the main educational institutions, despite long-standing efforts at decentralization [27] . The economy of Conakry revolves largely around the port (Figure 1 ). Future projections of the urban and rural population trends in Guinea show that the urban population is expected to dramatically increase (Figure 2 ), and Conakry with the highest growth rate would be the most affected. Thus, studies on the spatial and temporal urban land-cover change will be important for setting policies that promote sustainable urban development in Conakry. The climate of Conakry is characterized by two alternating seasons (dry and wet). The highest temperature is recorded between March and April, while the temperature reaches 38 • C and the lowest temperature is registered between November and December with the temperature around 25 • C [22] . The terrain is characterized by estuaries and littoral plains and ranges between 0 and160 m above the sea level. The Vegetation consists of palm trees, mangrove in the marshy zones, coconuts trees, some grassland, and primary forest formations in some places. 
Data
Remote sensing data has emerged as one of the most prominent data sources for quantitatively, spatially and temporally monitoring land-cover change [28, 29] . The dynamic land-cover change process can be explored by using a temporal series of remote sensing data, while census data provide a statistical view of demographics and socio-economic [30] . To examine the spatial, temporal land-cover change and simulate future land-cover change in Conakry, three Landsat images were used. Table 1 provides detailed information related to each Landsat data. The choice of these data was primarily based on their free availability, very high-quality satellite imagery (clear and nearly free of cloud), and these selected years correspond with a period of rapid urbanization and urban expansion in Conakry [13] . In addition to the Landsat data, a boundary shapefile of Conakry was acquired from the global administrative area www.gadm.org/country for image processing and classification. 
Image Processing
Due to the complex land-cover heterogeneity in the study area, image pre-processing and enhancement was fundamental to reduce or eliminate confusion between different spectral signatures, and improve the overall images classification process. The First-Line of-sight Atmospheric Analysis of Spectral Hypercube (FLAASH) model was used to enhance radiometric and atmospheric correction using the ENVI 5.3 software (Harris Geospatial, Broomfield, CO, USA). For the geometric correction, the common Universal Transversal Mercator (UTM) 28N zone projection was applied to all images. Next, the three images were then imported into the Earth Resources Data Analysis System (ERDAS) to match, by means of an image-to image matching method, then resampled using the nearest neighbor algorithm with a root mean square error of less than ±0.5 pixel per image to a 30-m spatial resolution. The study area was then extracted from the temporal imagery by overlaying the boundary of the city on visible and infrared bands of Landsat data in ArcMap10.2 (Esri, Redlands, CA, USA). Prior to image classification using a supervised classification algorithm, unsupervised classification and the Normalized Difference Vegetation Index (NDVI) were computed to help in selecting appropriate polygons as training sites and to improve the overall classification process. Figure 3 shows the red, green, and blue (RGB) false color combination of these Landsat images. This false color combination provides a user with great amount of information and color contrast for identifying and discriminating features in the study area. 
Image Classification
The classification scheme was established based on ancillary information of field survey, local knowledge of the study area and visual image interpretation. The image classification was conducted using the maximum likelihood classification (MLC) algorithm, which is a supervised classification, and one of the most widely applied parametric classification algorithm [31, 32] . A supervised classification, per [33] , is where the user develops the spectral signatures of known categories, such as urban or non-urban, and then the software assigns each pixel in the image to the cover type to which its signature is most comparable. For each land-cover class, 50 polygons were digitized based on the visual interpretation of locations on Google Earth and on the image, itself. The pixels in the polygons that were selected as representative of each class were plotted in spectral space and a visual check was made that all classes could be separated in at least one combination of bands. The choice of classification method depends on the data available, knowledge about the area under investigation, and if the land-cover composition of the study area is known from field work or from other sources [34] . Nevertheless, when there is not enough knowledge of land-cover classes, unsupervised classification may be essential [25] . Considering the spectral characteristics of the satellite images, and the existing knowledge of the study area, four land-cover categories, namely (1) Urban, (2) Water, (3) Vegetation, and (4) Bare ground, were respectively identified and classified for 1986, 2000 and 2016. Table 2 shows the description of each land-cover class considered in this study. 
Accuracy Assessment of the Land-Cover Classification
Accuracy assessment is a key step of any classification project, as it compares the classified image to another source that is assumed to be accurate [35] . This process is achieved by computing an error matrix. An error matrix is a table of values that compares the value assigned during the classification process to the actual value from an image that is assumed to be correct [34] . A key component of accuracy assessment, Cohen's kappa coefficient is calculated from error matrix. Kappa tells us how well the classification process was performed as compared to just randomly assigned values. In this study, both ground control points and Google Earth images were used during the accuracy assessment process. At least 200 ground control points were collected using a handled Garmin Global Positioning System (GPS), during the field survey. In addition, a random generator in Arc Map was used to generate a random of 200 pixels (50 pixels from each class), following the recommended minimum sample size of 50 random points for each land-cover class. The comparison between the classified results and reference data was carried out statistically using error matrices. Kappa test was also performed for each land-cover map. Tables A1-A3 in the Appendix A show the results of accuracy assessment.
Future Land-Cover Change Based on CA-Markov Chain
In this study, the 2016 land-cover map was firstly simulated by calculating the transition probability matrix using land-cover maps of 1986 and 2000 in IDRISI software (Clark University, Worcester, MA, USA). The transition probability matrix records the probability that each land-cover category will change to every other category [36] . This matrix is the result of cross-tabulation of the two images adjusted by the proportional error [37] . The transition areas matrix records the number of pixels that are expected to change from one land-cover class to another land-cover class over the next time [33] . This matrix is produced by multiplication of each column in the transition probability matrix by the number of cells of corresponding land-cover in the later image [38] . In both files, the rows represent the older land-cover categories and the columns represent the newer categories [39] . Markov model is developed into an essential predictive approach in geographic research and due to its features of descriptive power, simple trend simulation of land-cover transition [40] . Let C t be a vector of land-cover distribution at time t. The land-cover distribution at time t + 1, C t+1 is given by Equation (1)
where: M is an m x m transition matrix whose elements p ij is the probability of transition from one land-cover i to j within the interval t to t + 1. The p ij is usually derived by diving each element x ij in the change/no change matrix by its marginal row total Equation (2) [38] .
The distribution of each land-cover type after n time periods is made powering matrix M Equation (3) C
A major advantage of the Markov model is its operational simplicity and the ability to simulate land-cover change with minimum data requirements [38] . This is particularly relevant for the study area, because historical data on land-cover is virtually nonexistent. Once a transition matrix has been created, it only requires the current land-cover information to simulate future land-cover distribution [40] . In this study, the transition function was determined based on the difference between land-cover maps of 2000 and 2016. The CA-Markov then used this transition function to simulate the land-cover for 2025. In order words, the transition probability matrix, created from the changes observed between 2000 and 2016, the transition probability maps of 2016 and each scenario were used to produce maps of the land-cover for 2025. In an iterative process, CA-Markov uses the transition probability maps of each land-cover type to establish the inherent suitability of each pixel to change from one land-cover to another [37] . To assign a weight of suitability to the pixels that are away from the pixel analyzed, a 5 × 5 filter was used. Since it is considered that the probability of changes during the year's analysis stays constant, any year after 2016 can be projected [33] . However, simulations in the short term are more realistic than simulations in the long term [24, 25] , so we simulated until 2025.
Results

Land-Cover Classification
To examine the spatial and temporal land-cover change in Conakry, post-classification analysis through pixel by pixel comparison was performed in Arc Map10.2 (Esri, Redlands, CA, USA). using classified maps of 1986, 2000 and 2016 respectively. From the overall trends, the intense land-cover change occurring in Conakry was mainly characterized by a significant increase in urban area and a substantial decrease in vegetation and bare ground. Vegetation class (i.e., mangrove forests, high vegetation, reserved forest, non-reserved forest) was the most dominant land-cover type in 1986 representing 51% of the total area; followed by bare ground (27%) (i.e., fallow land, bare exposed, parks, shrubs, area and transition), urban (i.e., residential, commercial, industrial, transportation, utilities, communication) (15%), and water (5%) (i.e., rivers, lakes, ponds, reservoirs, and other water bodies), respectively. The area under vegetation decreased from 52% (217. Table 3 and Figure 5 show the transition probability matrix and the conditional probability to urban respectively. This was obtained based on the simulation of land-cover maps of 1986 and 2000. The transition probability matrix records the number of pixels anticipated to change from one land-cover category to another. From Table 3 , the diagonal elements represent the no-change probability of transition. Probability of transition from water to urban is 0.016, probability of transition from vegetation to urban is 0.326 and the probability of transition from bare ground to urban is 0.127 respectively. This result clearly illustrates that vegetation land-cover had the highest probability of transition to urban. Figure 5 . Markovian conditional probability of change to urban in 2016.
Markov models and the transition probability matrices
Accuracy Assessment of the Simulated Markov Model Based on ROC
The ROC (relative operating characteristic) is an excellent method to compare a Boolean map of "reality" versus a suitability map [33] . Thus, the ROC is included here as an excellent statistical method for measuring the goodness of fit of the simulated Markov model map in this case the Markovian probability of transition to urban ( Figure 5 ), and the binary urban growth map between 2000 and 2016 ( Figure 6 ). The binary map illustrates cells status that have changed from non-urban to urban (1, and 0). The ROC values range between 0 and 1, where 1 indicates a perfect fit and 0.5 indicates a random fit [41] . In this study, the ROC exhibited an accuracy value of 0.92, indicating a very good agreement between the two maps. The ROC curve is shown in Figure 7 . 
Simulated Land-Cover Map of Conakry by 2025 Based on CA-Markov Model
A future land-cover change map of Conakry by 2025 was simulated based on CA-Markov module in the IDRISI software. The simulated 2025 land-cover map of Conakry is shown in Figure 8 and the spatial and temporal area change is illustrated in Figure 9 respectively. It was found that area under urban land-cover will continue to increase largely at the expense of vegetation. The area under urban represented 49% (206.58 km 2 ) of the total area in 2016, and it is projected to increase 52% (218.32 km 2 ) in 2025. Vegetation will decrease from 35% (147.32 km 2 ) in 2016 to 32% (134.68 km 2 ) in 2025. Bare ground land-cover shows a minor decrease in its area. In contrast, water class will slightly increase, may be due to the geographical location as coastal and seasonal variation. 
Discussion
Land-Cover Change and Demographic Dynamics in Conakry
Post-classification comparison of the classified land-cover maps 1986, 2000 and 2016 has revealed continuous increase in the urban land-cover and a substantial decrease in the vegetation and bare ground cover respectively. This unprecedented growth in the urban area can largely be explained by the rapid population growth. For instance, according to the National Institute of Statistics of Guinea, the population of Conakry has sharply increased from 0.8 million in 1986, to 1.3 million in 2000 and 2.2 million in 2016 [26] . Besides that, in Guinea, there has been important rural-urban migration, since agricultural productivity has fallen, and the economic and living conditions in rural areas have deteriorated [12, 36] . The poverty incidence map in all administrative regions of Guinea is shown in Figure 10 . This figure clearly indicates low poverty rate in Conakry (24.4%) in comparison to other regions. This once demonstrates the attractiveness of Conakry for important migration, despite its pronounced congestion. These results are like other capital cities in the same region (West-Africa), for example, it was found that urban expansion in the capital of Mali (Bamako) and Senegal (Dakar) was mainly driven by urban primacy, high natural population growth, and rural to urban migration; consequently, the demand for land for housing in these cities has increased sharply leading to uncontrolled urban expansion [23] . Nowadays, urban conditions in Conakry largely reflect the problems and shortcomings of Guinea's overall economic development process since independence [42] . Investment in infrastructure, services and public utilities in Conakry has remained far below minimal requirements [13, 21] . Land-cover change is influenced by many driving factors, ranging from socioeconomic conditions, demographic, landscape topographic, physical infrastructure, and policies [43] . Nevertheless, to examine the urban development of Conakry, which remained quite a small town for long time, has offered an opportunity to analyze how historically recent urbanization has changed the natural landscape patterns.
Future land-cover change in Conakry was simulated based on the integrated CA-Markov model. The result has indicated that, based on the current trends, Conakry would expect further increase in its urban land-cover to the detriment of vegetation and bare ground cover respectively. The CA-Markov model is of special interest in land-use and land-cover change simulation, because of several advantages. Firstly, it is a discrete dynamical system, and its structure offers a capacity for simulating dynamic of complex spatial patterns [44] . Secondly, the model can be easily implemented into GIS and RS, as it operates on lattice, raster-format geographic data, and consequently, it can work at high spatial resolution with computational efficiency [45] . In addition to its operational simplicity, it has the potential to simulate land-cover change with minimum data requirements [46] . This model has been widely used in many land-cover change simulations, for example, a case study in the Ashanti region (Ghana) based on the CA-Markov model showed an upsurge in built up area, and a decline in agricultural and forest land-cover [47] . In Abuja city (Nigeria), future land-cover simulation has revealed a growing trend in settlement that might take over allotted spaces for green areas and agricultural land [48] . CA-Markov model as rule-based land-cover simulation model, imitates process and often addresses the interaction of components forming a system, with the great capability to handle temporal dynamic [49] . However, it focuses on micro spatial pattern, and it is difficult to reflect macro-changes affected by social and economic factors [50] . In contrast, the SLEUTH model is a Cellular Automata based land-cover change model, its name comes from an acronym for the input image requirements for driving the model: Slope, Land-use, Exclusion, Urban extent, Transportation, and Hill-shade. It requires inputs of historical land-cover from at least four-time periods, at least two historical land-cover layers, a historic transportation network from at least two-time periods, a single layer containing percent topographic slope, and a layer with areas excluded from urbanization [18] . The Conversion of Land-use and its effects (CLUE) is another land-use and land-cover change simulation model that has the geographic component, so it uses location characteristics (terrain, distance to roads population density etc.) [51] . These methods have been extensively used in many other studies, the CLUE model was used in simulating land-use changes in south-central Chile [52] , to predicting land-use change and its impact on the groundwater system of Kleine Nete catchment in Belgium [53] , and in simulating land-use changes in urban renewal areas in Hong Kong [54] . Meanwhile the SLEUTH model was used in modeling and simulation of the future impacts of urban land-use change on the natural environment [55] . However, both methods require quite some data which we could not get for this study. Nevertheless, land-cover change modeling and predictions are important for urban planning practices given their usefulness for generating multiple planning scenarios and evaluating their consequences.
Conclusions
The main objectives of the present study were to examine the nature of land-cover change in Conakry in 1986, 2000 and 2016, and to simulate future land-cover change by 2025. The result of the land-cover analysis has indicated significant land-cover transition over the study period, particularly a continuous increase in the urban land-cover at the expense of vegetation and bare ground cover respectively. Furthermore, the simulated result has revealed that if the current land-cover change prevails, Conakry would expect more increase in its urban land-cover to the detriment of other land-cover types. Nevertheless, Conakry, as with many other capital cities in the West-Africa region, is the outcome of spontaneous rapid growth, as the growth of population in Conakry is taking place at an exceptional rate, it has become one the most populous cities in the region. Conakry has undergone radical changes in its physical forms leading to several unplanned urban fabrics. Open spaces have been converted into building areas, loss of wetlands, wildlife habitats, ecological pollution, and so on. The city is also attracting many rural-urban migrants from all over the country due to extreme poverty and lack of opportunities in the rural areas. Nevertheless, while few studies on land-cover change in Conakry exist, this study is the first to examine the spatial and temporal land-cover change and to simulate future land-cover patterns in Conakry. The results of this study will provide bases for assessing the sustainability and the management of the urban area and for taking actions to mitigate the degradation of the urban environment. Tables A1-A3 show the results of the accuracy assessment of the three land-cover maps in 1986, 2000 and 2016 respectively. The overall accuracy varies from 0.79 to 0.88 and the kappa coefficients vary from 0.72 to 0.83. 
